Abstract| We consider the problem of characterizing the lithology of a reservoir using gamma ray logs as well as seismic traces around the well. We rst calculate the continuous wavelet transform of the the data and then use the fact that the energy of such transformation is proportional to a power of its scale. The technique consists in estimating the power transformation obtaining a set of values of the same size as the original data and then model the distribution of these values using a double exponential. We nd that wells that are predominantly sand correspond to distributions that are signi cantly di erent to those that correspond to wells which are predominantly gravel. This happens in both cases: gamma rays and seismic traces. We use this characterization to classify other points in the reservoir.
I. Introduction
Oil does not accumulate in all types of rock. Once generated at the source rock, hydrocarbons may travel large distances throughout the porous medium until hey nd the proper conditions that help to trap them. First, they need to nd a porous rock (the reservoir rock) where they can rest until we reach them; second, they need to nd a seal that prevents them for traveling any longer. Typical examples of reservoir and seal rocks are sandstones and shales respectively. For this reason, determining rock types in a certain oil exploration area becomes a fundamental task that helps to exploit the existing reserves more e ciently. At well locations, we can record various types of well logs that can help us di erentiate among rock types. Since this information is restricted to a few feet around the well location, the classi cation of rock types across the reservoir usually relies on crude interpolations of log measurements from well locations to the inter-well space. However, when seismic data are available, we can use them to guide such interpolations or we can analyze how the seismic data themselves respond to changes across di erent rock types that have been previously labeled at the well.
Various authors have proposed methods to classify rock types by analyzing subtle changes in seismic waveform in the inter-well space on some measure of change in the shape of the waveforms in the seismic data or other attributes derived from them. None of these attributes, however, have a clear physical meaning that we can link, at least intuitively, to rock type.
Rocks exhibit fractal behavior 5] which tells us that there is order and structure in the internal relation among their di erent scales. Measurements of properties of rocks at these di erent scales may also show a fractal behavior even though the relations between such properties and the rocks themselves may be rather complicated. 6] shows that the acoustic re ectivity of a sequence of rocks is also fractal, which suggest that quantities derived from properties that show fractal behavior may also be fractal . 7] show that changes in the fractal behavior of acoustic re ectivity may be related to changes in the predominant rock type in the area where the log was recorded. Moreover, they show that seismic traces (that can be modeled as the convolution of the re ectivity series with a wavelet) show distinctive fractal behaviors for di erent lithologies. They used this observation to classify rock types across a reservoir using 3D seismic data.
The estimation of fractal related properties of the signal in 7] method is based on the discrete wavelet transform. Using resistivity logs from two di erent wells located in areas that penetrate sandy and shally environments respectively, the authors perform a discrete wavelet decomposition and compute the variance of the coe cients at every level of detail, then they plot the result against its corresponding scale. They observed that the slopes of the resulting straight lines characterized by the dominant lithology around the well. A limitation of the method is that only a limited number of points are available for high levels of detail, due to the decimation induced by the discrete wavelet transform. This can be overcome by the use of continuous wavelet transformations which provide as many points as desired for each sample of the signal; this is the homework that we adopt in the present paper.
The paper is organized as follows. In Section II, we presented the de nition of continuous wavelet transforms and a property of them, that is essential for the development of this work. Section III, describes the data used in this study, that allow us to show the proposed methodology. In Section IV we consider the problem of the characterization of the lithology estimating the power of the scale of the wavelet transformation. Section V formalizes the comparison between the proposed distribution in the previous section, following a Bayesian approach. Finally in Section VI we describe the classi cation procedure, that consists in calculating the posterior probability that a new observation belongs to one of the two distribution proposed for the power parameter. The results are presented in a map based on the probabilities of each type of lithology. An important property of CWT f , that is key for the development of the present paper, is that there is a link between the regularity of f and that of the energy of CWT f .
In fact, if f 2 C (H older space with exponent ) then we have that
(1) For details see 8] . Fixing b we can use (1) to estimate by regressing log( CWT u (a; b)] 2 ) on log(a). This idea is developed in 9] to characterize properties of turbulent ows in Duke Forest, North Carolina. In this paper we present a method to characterize both the seismic data around each well and -ray logs based on property (1). We estimate the power for each depth b, obtaining a set of values of the same size as the original signal, we then model the distribution of these values using a double exponential. We nd that di erent lithologies are associated with di erent values of the location parameters of such distributions.
III. Description of the data
For the purpose of this study, we analyze a data set consisting of 17 -ray logs and 100 km 2 of 2D seismic data recorded in western Venezuela, in the Barinas-Apure basin.
The wells penetrated rock columns whose lithologies were either predominantly sands or predominantly gravel. Figure 1 shows typical -ray logs and gure 2 seismic traces corresponding to wells of each of the considered lithologies. -ray logs show considerable di erences when changing the predominant rock type, but seismic data recorded in the same positions do not show the same obvious di erences. However, as we show in the sections bellow, seismic data do respond di erently depending on the predominant rock type where they travel producing traces with the di erent energy levels. Our method is able to detect those subtle di erences. 
IV. Characterization of the lithology
Our method is based on posing the characterization of the lithology of the reservoir as a problem of statistical model comparison. After calculating the continuous wavelet decomposition of a particular signal we obtain a collection of coe cients j . To illustrate the process of estimating , we considered a seismic trace and xed the values of b as 30ms and b = 900ms, regressing in each case log 2 ( CWT u (a; b)] 2 ) on log 2 a. The results are showed in Figure 3 . The previous process was repeated for each of the seismic traces and well logs. For each straight line we obtain one slope, that is, one coe cient. Since there as many b values as data points in the signal, we obtain a transformation of the signal in terms of energy power coe cients . Figure 4 shows on the left panel the estimated densities of the coe cients corresponding to the -ray logs of sand and gravel wells. An analogous plot is shown on the right panel for seismic traces around those wells. We observe, in all cases, a rather picked shape, thats suggests the use of a double exponential density. Also it is apparent from the gures that the location of the densities change with the lithology. is given by the slopes of straight lines.
To assess the dependence of the previous results on the type of wavelet function, we considered a Haar basis, a Mexican Hat and a Gaussian. In all cases we obtained coe cients with a picked density that appeared to be different for points that correspond to di erent lithologies. We observe that the location parameters seem to di er, whilst the scale parameters appear to be equal. In order to formally asses the signi cance of those di erences we consider the following four possible models for the distribution of the coe cients It is apparent from gure 4 that the location of the densities change with the lithology, so we expected , that the selected model will be M 2 , that corresponds to densities with di erent location parameters. Note that the results in table I correspond to the knowledge that gravel layers produce a faster classi cation of energy than sand layers, and so the average power coe cient of gravel should be smaller then that of sand. The AIC was proposed to counteract the tendency of classical tests to favor the more complex model if the has greater posterior probability in both cases: well logs and seismic traces, suggesting that a characterization of the two lithologies can be done by the location parameters of the double exponential distribution.
VI. Classification
The results obtained in the previous section show that a successful characterization of the lithology can be done in terms of the distribution of the power parameter. We can now use this fact to classify new observations, that is, suppose observations at a new location become available then, after performing the transformation of the data, we have a new sample of power parameters. The classi cation procedure consists in calculating the probability that this sample belongs to one of the two double exponential distributions. 
and we can assign y to the class C i for which Pr(C i jy; x) is maximum. In the double exponential case, using the prior S n n 2
where z = (x 0 ; y 0 ) 0 , n is the dimension of z equal to n x + n y , n x and n y are the lengths of vectors x and y respectively, z(i) denotes the order statistic of the sample x 1 ; x 2 ; ; x n , that is the sampled values placed in ascending order, and S j = n z (n) ? 2j z (j) + 2jz (j) ? nz (n) with
, z (0) = 0 and ?(x) = R 1 0 t x?1 e ?t dt.
The procedure de ned by equation (5) to (7) can be used to classify observations obtained from either well logs or seismic traces. To map the information in these two types of data we note that they are based on di erent tools and procedures and so it is reasonable to consider them conditionally independent. We modify the numerator in (6) by letting, i (yjx; C i ) = i (yjx w ; C i ) i (yjx t ; C i ) : (8) Locations where seismic traces are available conform a grid. We calculated the posterior probability of sand or gravel in each point of the grid using the predictive density in (7) with the information of the seismic traces and the well logs. For each location on the grid we considered the 25 nearest neighbors to obtain the mean trace and transformed it to obtain the corresponding coe cients. In such a way be obtain vector y in (5) . Vector x t in (8) is given by the mean traces around the locations of the wells and x w is the vector of wells logs. We considered initial probabilities equal to 1/2 for both types of lithologies. The map obtained with this procedure is showed in gure 5. The points that appear in the map correspond to the locations of wells for which the lithology is known and the classi cation was correct. In order to validate the classi cation procedure we considered each point of the reservoir where -ray logs are available. For these the lithology is fairly well studied. We calculated the probability of sand and gravel using (6), where y was taken as the -ray log of a given well and x as the logs of all remaining wells, in a cross-validating fashion. The proportion of misclassi ed wells was calculated is given in the left column of table III. A similar analysis was performed using the mean seismic trace at each well producing results reported in the right column of table III.
VII. Conclusions
We have presented a methodology to characterize the lithology of a zone of interest in a reservoir. The method is based on an estimation of the power energy coe cient of signals corresponding to -ray logs as well as seismic traces penetrating the rock. In both cases we nd signi cant differences in the mean value of the power coe cient. The characterization is extended in a Bayesian fashion to obtain a classi cation procedure that uses the information contained in both types of signals. The results are checked, for well locations, using cross validation. For other points in the reservoir we present a map based on the probabilities of each type of lithology which is highly consistent with geophysical knowledge of the area.
